Abstract: How to determine if a population group has better overall (multidimensional) health status than another is a central question in the health and social sciences. We apply a multidimensional first order dominance concept that does not rely on assumptions about the relative importance of each dimension or the complementarity/substitutability across dimensions. In particular, we suggest that one can explore the "depth" of dominances by sequentially refining the health dimensions to see which dominances persist. Using The Danish National Health Interview Survey, we conduct dominance comparisons between population groups based on education, gender, marital status, and ethnicity for given age intervals. Our empirical illustration shows that it is possible to operationalize and meaningfully apply the multidimensional first order dominance concept with sequential refinements of health status to as much as ten health dimensions.
2 aspects of individual health status, and it is well-recognized that health status is a complex multi-facetted phenomenon. For relevant population health comparisons we thus need methods that deal appropriately with the multidimensional nature of health status. In this way, the problem of comparing multidimensional population health echoes the problem of making multidimensional comparisons of poverty or social welfare (e.g., Townsend 1979 , Sen 1999 , Sen 2009 ).
One approach to dealing with the multidimensionality of outcome is to introduce a weight to each indicator and then calculate an overall health index for each individual, which is again aggregated into an overall population health indicator. Indeed, many clinical studies and health economics evaluations have followed this route (e.g., Drummond et al. 2005) . While this approach is operationally very tractable once indicators and weights have been established, it is based on strong underlying assumptions about the way each indicator contributes to overall health, and the procedure for establishing such weights raises methodological, practical, and ethical concerns.
A particular sort of population health comparisons are those that intend to give complete rankings of countries/health care systems (e.g., Feeny et al. 2002 , UHF 2012 , Kohn 2012 , HCP 2012 , WHO 2013 . Such population health studies typically overcome the problems of multidimensionality by analyzing one dimension at a time (thus disregarding interaction between dimensions and giving as many rankings as there are dimensions), or a "counting approach" is applied where a person is classified as having a bad overall health status when he or she experiences a bad outcome in at least x out of a possible n dimensions (e.g., Alkire and Foster 2011) . This counting approach assumes given (often equal) weights to different health indicators and also implicitly assumes substitutability in health indicators. The analysis is therefore sensitive to indicator weights, which means that ranking can change depending on the weighting scheme.
In this paper, we propose another approach to multidimensional population health comparisons. The main feature of our proposal is that it is truly multidimensional and neither relies on weighting schemes nor on assumptions about the possible substitutability/complementarity relationships between defined health dimensions. A potential drawback of our proposal is that we are not always able to determine a ranking when two given populations are compared -but the cases where a ranking cannot be determined are 3 precisely those in which a ranking would have relied on certain weight ranges or underlying substitutability/complementarity assumptions.
Our methodology builds upon the growing literature developing techniques for comparing different groups' multidimensional social welfare or poverty, which are methodologically robust in the sense that they do not rely on particular weighting or counting schemes (e.g., Atkinson and Bourguignon 1982 , Bourguignon and Chakravarty 2003 , Duclos and Makdissi 2005 , Duclos et al. 2007 , Cowell and Victoria-Feser 2007 , Gravel et al. 2009 , Gravel and Mukhopadhyay 2010 , Batana and Duclos 2010 , Duclos and Echevin 2011 ). However, as in Arndt et al. (2012 Arndt et al. ( , 2013 , we apply a multidimensional first order dominance (FOD) comparison technique that differs from the other robust welfare/poverty comparisons methods in that it avoids implicit assumptions about the substitutability/complementarity relationships between the dimensions chosen. 4 According to the FOD methodology, population group A dominates another population group B if the distribution of B's individuals on all possible outcome combinations can be obtained from A's by moving population shares from better to worse outcomes (e.g., Østerdal 2010). Thus, the FOD concept compares two given multidimensional distributions without specifying weights to the different dimensions and is the natural way to determine whether one group is unambiguously better off than another group.
Considering a large number of health dimensions comes at a cost: The more refined dimensions we apply, the more demanding the FOD criterion is, and therefore there will be fewer dominances (as explained in detail below). We tackle this issue by applying a sequential refinement strategy. We initially look at only a single health dimension encompassing all underlying indicators and then sequentially refine dimensions ending up with a 10-dimensional picture of individual health. In the initial 1-dimensional case (where all indicators are collapsed into a single health dimension) for each individual we simply see if he or she has reported a health problem for some indicator. When we take a multidimensional view, we see if he or she has reported a health problem within each specified dimension (described by one or more health indicators). By sequentially exploring dominances for increasingly refined health dimensions it is possible to see whether dominances remain when more nuanced descriptions of individual health are considered.
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We analyze a comprehensive Danish health survey covering 22 aspects of health. 5 These health indicators are first collapsed into a single health dimension and then refined to four, seven, and ten health dimensions, for which the joint health status distribution of different groups is compared. To our knowledge, this is the first study that empirically has analyzed FOD with as many as ten dimensions (of any type).
Overall we find that younger age groups dominate older age groups in up to four dimensions (1-dimensional and 4-dimensional cases), but no dominations in higher dimensions (7-dimensional and 10-dimensional cases) are present when only age groups are compared. All other comparisons are done within age groups. We find that groups with long education dominate groups with short education across age groups. In one case we see dominance in ten dimensions, and more often we see domination in four and seven dimensions, but generally the depth of the dominance varies and, hence, when we take a more refined view of individual health, groups with long education are not unambiguously better off. In addition to education we also consider gender, marital status, region, and ethnicity.
Here we find less dominances in four dimensions and only one in seven dimensions.
The remainder of the article is organized as follows. The next section reviews the literature. Section 3 presents the multidimensional FOD methodology in greater detail.
Sections 4 and 5 present results from applying the methods to Danish national health survey data. Finally, section 6 summarizes and concludes.
Earlier studies
Ranking studies of population health and health systems are regularly conducted. Another strand of the literature has focussed on constructing individual level health utility indices, which are convenient for comparing the overall health of individuals and groups in clinical trials and assessments of health care programs. For example, Feeny et al. (2002) construct a single health utility index from eight indicators of health (vision, hearing, speech, ambulation, dexterity, emotion, cognition, and pain) assessed at a five or six level Likert scale representing highly impaired to normal. The methodology transforms multiple individual health questionnaire answers into a single index using a utility function whose parameters are estimated from the general population. For a survey on health utility functions we refer to Drummond et al. (2005) . Other researchers have applied statistical techniques to get from multiple underlying health indicators to a single unidimensional measure. Kohn (2012) , for example, applies multiple correspondence analysis (MCA) on British data to reduce multiple discrete indicators to a continuous variable, which is shown to perform better (higher explanatory power) than self-assessed health in econometric wage equations. Seventeen indicators are used in the areas of mental and emotional health, smoking, disability, accidents, and reported health problems. In this case, the author does not specify indicator weights, but instead the MCA methodology itself suggests weights depending on the data.
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All of the above-mentioned studies explore important avenues in the search for aggregation of multiple health indicators (at the individual or aggregate level) into a single index which can be used for the ranking of groups of people. The approaches involve an implicit or explicit value judgement when aggregating underlying indices. In one way or the other, all the studies apply a weighting scheme specifying the importance of health indicators in order to arrive at a single unidimensional measure. None of the studies fully take the joint health distribution of individuals into account; for example, the accumulation of problematic health at the individual level is not considered. The approach taken in the following explicitly takes the individual joint health distribution into account, and at the same time it does not, 7 implicitly or explicitly, specify any weight to any one indicator. Instead, a robust method is developed where dominance conclusions are independent of any weighting scheme.
The multidimensional first order dominance methodology
As mentioned in the Introduction, according to the FOD concept for two (multidimensional discrete) population distributions A and B we have that A dominates B if and only if it is possible to obtain A from B by moving probability mass from worse to better outcomes. (2012) and applied to binary poverty indicators. The five-dimensional coding is displayed in Arndt et al. (2013) . We use up to ten binary dimensions in this study, which means that a total of 1,024 (=2 10 ) health status combinations are possible for each individual.
Suppose there are n dimensions and that a number of 0/1 (unhealthy/healthy) valued binary indices are defined -one for each of the dimensions. Let ! and ! be the shares of population A and B, respectively, with health status i. Let the variable !! represent probability mass transfer from health status i to health status j. Define as the set of sourcedestination pairs ij that move probability from a health status i to a less preferred health status j (i.e., i is at least as good as j in all dimensions). Under these conditions, population A dominates population B if and only if there exists !! with !" ≥ 0,
For a specified set of dimensions, a good outcome in all indicators of a given dimension is required in order for an individual to be classified as being healthy in that dimension. Since we have binary indicators, in the 1-dimensional case the FOD condition degenerates to comparing the prevalence of good health (i.e., comparing two fractions) guaranteeing a 8 dominance for any two distributions that are compared. When we increase the number of dimensions, the FOD criterion becomes more demanding. More precisely, whenever a specified dimension is refined into two or more sub-dimensions, dominances will be fewer or When increasing the number of dimensions, we simultaneously refine several dimensions.
In the four dimensions case we look at health consisting of self-reported health, pain and discomfort, chronic conditions, and behavioral factors. In seven and ten dimensions we refine these categories further and thus consider physical, sleeping, and psychological discomforts separately. The prevalence of being free from different health problems is also presented in Figure 1 . For example, using the basic indicators, 94.7% do not report asthma as a problem, 82.2% do not report allergy as a problem, and 89.2% are free from migraine or frequent headaches. Using the 10-dimensional case, 79.8% report neither asthma nor allergy as a problem. Using the 7-dimensional case, 72.4% do not suffer from either asthma, allergy or headaches, etc. Because of the aggregation procedure the prevalence is non-decreasing when indicators are aggregated (moving from right to left in Figure 1 ).
Analysis variables and descriptive statistics
FOD is investigated for different population groups which in all cases are conditioned upon age (group). As a measure for social-economic status we use the educational level.
Educational attainment is irreversible and thus not conversely correlated with disease, which is in contrast to, for instance, labor market attachment or income (e.g., Juel et al. 2006) . The association between education and health is also analyzed in Kunst et al. (2005) for 10
European countries, in Jørgensen et al. (2013) Below we describe the data in more detail and provide a qualification for the use of FOD based on this.
The 1-dimensional case

Being healthy with regard to all indicators is clearly linked to educational level (Figure 2).
People with university degrees have a 40% probability of not reporting any health issues, while this probability is 22% among people with basic education. But already at a refinement with four indicators the pattern becomes blurred; particularly regarding indicator iii, we see the same prevalence around 60% for all educational groups. For the other indicators, i, ii, and iv, we still see a pattern of higher education being linked to better health, albeit in a weaker relation compared to the 1-dimensional case. Refinement to 7 and 10 dimensions further weakens the relationship between education and health. In one instance we nearly see a negative correlation: The risk of asthma and allergy increases with educational attainment (except for basic education). When conditioning on age, we still often see that higher education is associated with better health regarding all health indicators, except for basic education in the youngest age group, and for the best educated in the oldest age group. For the young group this is explained by the fact that many of these individuals have not yet reached their final education level. The pattern for the oldest group is harder to explain, but might partly be due to less reliability of the educational variable for older people.
The lowest health disparity is found between females and males ( The largest difference is between Danes in the age group 25-44 years and non-Western immigrants 65+ years, where the former has a 3.6 times higher chance of good health.
Joint distribution
Although the 1-dimensional view provides some information, our focus is on the joint distribution which is required to test FOD. The joint distribution becomes quite intractable graphically when there are a large number of dimensions. With ten dimensions there are 1024 possible outcomes, while with four dimensions there are sixteen outcomes (2 4 ). The joint distribution is therefore exemplified with the 4-dimensional case (Table 3) . Note: In "Avg. no. good outcomes" in bottom of table, "equal" refers to equal weights across the four indicators (weight=1 each), while "unequal" refers to high weight to indicator iii (weight=2.5), and low weight to the remaining indicators i, ii, and iv (weight=0.5 each).
Indicator combination Educational attainment, % Combination type
Intermediate health combinations => not always internally rankable
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From Table 3 we see that among people aged 25-44 years with medium higher education, 35% have good health with respect to all four dimensions, and 2.2% have bad outcome in all four indicators. The similar percentage among people with vocational training is 30% and 2.5%. Thus, the better educated group have (relatively) more people with the best outcome and fewer people with the worst outcome. Thus, regarding the two most extreme cases, we see medium educated perform better than people with vocational training. We even see that using a summary measure (bottom of table) taking all sixteen outcomes into account, medium education outperforms vocational training, when equal weights are assumed across the four dimensions. But if we change the weights and give much higher weight to dimension iii then people with vocational training have better multidimensional health than people with medium training. In other words, in this case the best performing of the two educational groups depends on the applied weighting scheme. This is because in the intermediate indicator combinations (Table 3) we cannot in many instances unambiguously classify one outcome as being better than the other. For instance, vocational has 22.9% in combination 1110 (good health regarding indicators i, ii and iii, and bad regarding iv), but that is not unambiguously better than 1101 or 1011 or 0111, each of which also has three good health outcomes and one bad outcome. Note that combination 1110 is not unambiguously better than 0001 (with only one good outcome) or 0011, 0101, or 1001 (with two good outcomes). For these intermediate cases the attractiveness of the combinations depends on the weighting applied to the dimensions. Thus, applying measures where the ranking of population subgroups depends on the weight distribution across dimensions involves the risk of rank reversal when changing the weights. This can be avoided by using the robust FOD method that does not depend on the weighting scheme. These FOD results are presented in the next section.
Results
FOD comparisons
Since we consider binary variables the FOD criteria in the 1-dimensional case simplifies to comparing the share of respondents having good health in all indicators. Hence, in every comparison each group either dominates another group, or is dominated by another group in the 1-dimensional case. Note that, as shown in the Lemma in Section 3, FOD in a higher dimension implies FOD in (all) lower dimension(s). Figure 3 illustrates the unconditional age FOD comparisons. Generally the younger age groups dominate the older age groups in the 1-and 4-dimensional case with the exception of the group 16-24, which does not dominate 25-44 but is instead dominated by this group in the 1-dimensional case. There are no dominances in the 7-and 10-dimensional cases. As we refine the dimensions it is shown that even though age is important when comparing health, it is not possible to show that the younger are unambiguously better off when we refine the dimensions and consider health as a more multidimensional phenomenon. Since age influences the distribution of health indicators, and educational levels are unevenly distributed across age groups (see Table 1 ), the analysis is made for separate age groups to minimize this effect.
FOD comparisons between educational levels for a given age group are shown in Figure 4 .
Generally, the higher educational levels dominate lower educational levels; however, the depth of dominance varies across educational groups and age.
For the 25-44 year age group, the groups with vocational and long education dominate the groups with basic education up to the 7-dimensional case. The group with long higher education additionally dominates the groups with short and medium higher education up to four dimensions. In the 1-dimensional case the picture is clear showing that the higher the educational level is the larger the share not having a single bad outcome in any health indicator will be; for example, any given educational level dominates each of the lower educational levels. In the diagram, 1 (upper left in a cell) indicates that the row age group dominates the column age group in the 1-dimensional case. Likewise, 4 (upper right in a cell) indicates that the row age group FOD the column age group in the 4-dimensional case. Interpretations regarding 7 and 10 dimensions are similar. The total in the row indicates the number of times the age group in the column is dominated by others. The total in the column indicates the number of times the age group in a row dominates others. For the 45-64 year age group, only the group with basic education is unambiguously worse off than any other group. The group with basic education is dominated by all other educational groups in the 7-dimensional case (and thus for the 1-and 4-dimensional case as well; cf. the Lemma in Section 3), and for the vocational level also in the 10-dimensional case. This indicates a very broad-based inequality between the group with only basic education and any of the higher educational groups. The group with long higher education is better off than vocational, short, and medium higher educational groups up to the 4- In the 65+ age group, people with basic education are again worse off than any other (higher) educational group. The group with long higher education dominates the group with basic education in the 7-dimensional case, while for the groups with vocational, short, and medium higher education the domination of basic education is only present in the 4-dimensional case. The picture is somewhat surprising when we consider the group with long higher education. Although only in the 1-dimensional case, the highest educated are dominated by people with either vocational training, or short to medium higher education.
FOD tests for individuals aged 16-24 years are included for completeness, but it should be kept in mind that this age group has rarely passed higher education. The number of people having completed higher education is thus obviously very low. Since only 1-dimensional dominances occur, none of the groups are unambiguously better off in the multidimensional case.
Analyses similar to education have been made for gender, marital status, region, and ethnicity. We generally find few dominances in the 4-dimensional case, a single dominance in the 7-dimensional case, and none in the 10-dimensional case. See Appendix A for all results.
Bootstrapping
Since sample data are used, it is relevant to check if the observed FODs in Figure 4 are knife edge cases; i.e., if small changes in the data could have resulted in different results than those presented. Bootstrapping (see Efron 1979) , with a hundred replications of data with resampling over groups is applied to investigate this issue further, and the results from the bootstrap analysis can be interpreted as a kind of sensitivity analysis. We only present the bootstrap results for education of the age group 25-44 years, see Table A2 in Appendix B
where the static (actual data) is compared with the bootstrap results. In this case we see that observed FOD is associated with a bootstrap empirical probability of FOD between 67% and 97%. No observed FOD is usually associated with a zero bootstrap probability but is otherwise between 2% and 43%. The generally low empirical probability in case of no observed FOD and the generally high empirical probability in the case of observed FOD indicate that the observed FOD results are not based on a shaky underlying distribution of 20 health outcomes. 9 For the other age groups we have somewhat similar results with correlations between 0.87 and 0.96 (results available from authors upon request).
Empirical summary
To summarize, we are often able to detect FOD in the 4-dimensional case, sometimes in the 7-dimensional case, but only once in the 10-dimensional case, which shows that it is difficult to conclude robustly about which group dominates another when more and more indicators are included, since with an increasing number of dimensions the prevalence of dominances decreases drastically ( Figure A1 in the Appendix). This is in sharp contrast to traditional multidimensional methods that have no "problems" ranking groups regardless of the number of indicators. But, although these methodologies can always rank groups, as we have discussed it will not be a ranking which is robust to the weighting scheme. Thus, the pattern emerging here with only a few observed dominances in the 7+ dimensional cases reflects the fact that in an analysis of multidimensional health we can actually often not rank groups unambiguously when there are a lot of indicators -a lack of dominances should thus not be interpreted as a methodological flaw in the FOD technique. Also, the results here are of course dependent on the data we have. The data are from Denmark, where the socio-economic differences are relatively small. Application of this methodology to other countries with (much) higher disparities may produce other and more frequent group dominances in health.
Regarding the other background variables (gender, ethnicity, marital status, and region) we see the same pattern as for education with respect to number of dominances when the number of dimensions increases, but the decrease in the number of dominances is much higher than for education. Gender has the lowest number of dominances, but the number is also small for region. It is also not high for ethnicity although there was an indication in the descriptive part that many dominances could be expected given that this variable had the highest disparity in the 1-dimensional case.
Discussion and conclusion
To overcome the lack of rank robustness when applying traditional methods of analyzing Another methodological path to pursue is the question about a complete ranking of all included population subgroups. In principle, the present FOD methodology could be used to produce a complete ranking of groups, but in practice that is unlikely since the methodology is designed for the comparison of two groups. Complete ranking procedures based on FOD information (with bootstrapping) are possible and have been applied (Arndt et al. 2013 Figure 4 . The empirical probability of FOD using k =100 bootstrap replications is presented under the heading 'Bootst.'.
Source: Own calculations based on "The National Health Interview Survey 2010" by the National Institute for Public Health, Denmark. Figure A1 . Number of dominances for different characteristics given age group. Fraction of the maximum number of dominances that always exists in the 1-dimensional case.
Note: The maximum possible number of dominances is 4k(k-1)/2, where k is the number of categories in the characteristics variable (displayed in Table 3 ), and the 4-factor originates from the number of age groups.
Source: Own calculations based on "The National Health Interview Survey 2010", the National Institute for Public Health, Denmark. Regions
